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Abstract—Future large-scale networks, such as sensor net- the network in military applications.
works, will consist of hundreds and even thousands of wirelessly  |n the past, algorithms proposed for discovery and routing
cpnnected sensor and actuator nodes. The nodes are typically,[askS in sensor networks [7], [12], especially those with
highly resource-constrained (processor, memory, and power), . . . .
have limited communication range, and are prone to failure. energy awareness, us_e a variant of dynamlf: programmlng, In
Furthermore, there is no global information about the exact Particular search algorithms related to Learning Real-Time A*
location and connectivity of the nodes. Consequently, the explicit (LRTA*) [9], [10].
consideration of network and task constraints and objectives will Implicitly, these algorithms encode various constraints and
Fetﬁir; in;p?errtavr\l/tepargsoefn;o:tjjri]gtr?ti%?éEhgisf?r;itr?tesgsgztvrvgdlt(iz- objectives about the task, often in a task-specific manner.
n , - . . . . .
appranth)hat repr?asents destination conditions as well as routir?g Task representations and routing algorithms arg inevitably
constraints and objectives explicitly. We further present an linked and can be hard to change as the requirements of
efficient routing algorithm, CB-LRTA*, that extends traditional ~ the task change. In this paper, we propose a constraint-based
Learning Real-Time A* (LRTA*) with back-propagation. We  approach for routing in ad-hoc networks. It consists of a
evaluate CB-LRTA* using simulation and demonstrate that it generic, constraint-based task representation of the discovery
improves convergence to the optimal route over LRTA*. ) .

problem and constraint-aware routing protocols. The approach

is a generalization of existing sensor network routing and
geographical routing protocols. The representation does not

Large-scale networks with hundreds and even thousandsasbume a particular routing algorithm, and in fact the choice
very small, battery-powered and wirelessly connected sensdmalgorithm can be embedded in the message as well. In addi-
and actuator nodes are becoming a reality [4]. The sha®m, we present a variant of LRTA*, Constraint-based Back-
number of devices in such networks, the resource constraiptspagating LRTA* (CB-LRTA*), which extends traditional
of the nodes, and the dynamics of the environment call faRTA* in three ways: explicit inclusion of hard constraints,
adaptive, robust, scalable, and constraint-aware algorithmede heuristics in addition to connection heuristics, and par-
for discovery, routing, and aggregation of information. Thellel learning with a distributed memory.
algorithms should be localized, use minimal storage, adapt to
changes, and have minimal communication cost. _

Imagine a network of sensors sprinkled across a lar§e Ad-hoc routing protocols
building or an area such as a forest. Typical tasks consideredMany previous ad-hoc routing protocols require greater
for such networks are to send a message to a node atrergy resources of the nodes and higher bandwidth than what
given location (without knowing which node or nodes ares available in sensor networks. For example, Dynamic Source
there, or how to get there), to retrieve sensor data (e.g., solwlting (DSR) [6] floods a route request packet throughout the
or temperature levels) from nodes in a given region, and tetwork. Location Aided Routing (LAR) [8] improves DSR
find nodes with sensor data in a given range without amnd uses geographic location information to limit the route
geographical information. In some cases, one is interestedréguest flooding to a smaller region, where it is most probable
passing on a single message and thus simply wants to fthé destination is located.
a good path, maybe sub-optimal, to the destination quickly, Geographic location information has been used to develop
since finding the optimal path could be much more time arefficient, scalable routing protocols. Geographic routing allows
energy consuming. In other cases, many packets are torbaters to be stateless and requires propagation of topology
sent between source and destination (e.g., updates on seirformation for only a single hop. Most geographic ad-hoc
readings), and it would be better to establish a lowest cost patluting protocols use greedy algorithms to forward the packet
or the shortest path between them. When the energy levelsmfthe destination. They differ in how they recover when
the nodes are very limited, multiple different paths may bgreedy forwarding is impossible, e.g., at communication holes
preferable to distribute energy usage and prolong the lifetime when avoiding obstacles.
of the network. Some applications add further requirementsFinn [2] proposes flooding search for recovering from local
to message routing, such as avoiding compromised regiongraxima. Karp and Kung propose Greedy Perimeter Stateless
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Routing (GPSR) [7] to have better scalability. GPSR recovers€ceived (s, find(goal)) at node: do

from local maxima by deriving a planar graph out of the If found(goal) then retumn; end

original network graph and then routing around the perimeter  for all j € Ni do f(j) < ¢(i,j) + h(j); end
of the region containing a local maximum. A drawback of ~ J < &r9minex, f(j);

GPSR is that it tends to concentrate traffic on the perimeter h(i) — f(j);

when it routes around holes or obstacles, thus burning out the S€nd(, find(goal));

nodes on the perimeter sooner. end

Geographical and Energy Aware Routing (GEAR) [12]

achieves good energy efficiency. GEAR is based on Fg 1. LRTA* - Nodesi receive find request messages, compute successors
. .. . . 7. among their neighborév;, and forward the messages to these successors.
real-time heuristic search method, Learning Real-Time Afhe command seng(m) in nodei sends message to nodej, which leads
(LRTA*) [10]. It uses energy aware and geographically into event received(m) in nodej. In a distributed network, multiple nodes
formed neighbor selection to route a packet towards the tar§i¥ €xecute this code in parallel.
region. The strategy attempts to balance energy consump-
tion and thereby increase network lifetime. In related work,
CADR [1] uses a sophisticated information metric deriveg®arc
from sensor data to guide the routing process.

Directed diffusion [5] is a data-centric paradigm for sensor
network applications. All communication is for named data We make the following assumptions about a distributed
and all nodes are application aware. This enables diffusis@nsor and actuator network: The system consists of a large
to achieve energy savings by selecting good paths. It ugsgnber of nodes that are distributed geographically, each able
initial and periodic data flooding throughout the network. Dat® communicate with a small subset of neighbor nodes, and
generated by sensor nodes is named using attribute-value p&eslipped with a processor and a number of sensors (e.g.,

An issue common to these algorithms is that expectatiolight, sound, temperature). Nodes know their own items of
about both the task (e.g., find the destination) and algoritHfterests and locations, as well as those of their neighbors
properties (e.g., conserve energy) are built into the algorithrt&9d., through a publish-and-subscribe connection), but they
and cannot be changed easily. Since routing algorithms canfh@ve no knowledge about nodes outside their neighborhood.
be uploaded repeatedly onto thousands of already deploy&ms of interest include sensor values, battery level, available
nodes, a more general, programmable approach is highigmory, etc.

h.

IIl. CONSTRAINT-BASED ROUTING

desirable. Typical tasks are sending and retrieving data between nodes.
_ There are constraints both on the destinations and the routes:
B. Real-time search methods finding nodes in a certain geographic region or with sensor

Real-time (heuristic) search methods interleave plannifg@dings in a given range or avoiding nodes with low battery
and plan execution and restrict planning to a local area. LRTA®VEIS or near loud objects. The goal is to find the shortest route
is a popular real-time search method [11]. It not only ac® ades_tln_at_lon node while qlso_sat|sfy|ng the route constraints
in real time, but also converges to a shortest path when@fd optimizing the route objectives.
solves the same planning task repeatedly. A related algorithm
is FALCONS [3], which differs in the selection of successors"
and has been shown to converge to a shortest path faster thah sensor and actuator network is defined by a gragte),
LRTA*. with V' the set ofn nodes and® the set of edges. Each nofle

Starting from a source node, LRTA* traverses the graghas a set ofieighborsV; C V with which it can communicate.
in search of the destination by using local information only. Nodes are described by setsatfributes These may denote
Concretely, at current nodg a decision is made about whichany interesting node characteristic, such as node position and
node to move on to next based on information about the nosiensor values. Data is generated by sensor nodes in the form
and its neighbors (Fig. 1). This information includes the knowerf attribute-value pairs. For example, a nodbas positions
cost ¢(4,j) to move to nodej and the estimated codt(j) x; andy;, light sensor valué;, temperature sensor valug
to move from nodej to the destination. (Costs are usuallyenergy levele;, etc.
distances.) Nodé chooses neighboj with minimum value  Specifically, a routing task'(V, E, s, Oq4, C,., O,.) is defined
f(3) =c(i,4) + h(j), updates its own heuristic valug:) to by a network grapiiV, E), a source node, a set of destination
f(4), and moves on to nodg objectivesO4, a set of route constraint§’,, and a set of

Real-time search methods similar to LRTA* differ in tworoute objectivesO,.. Starting at the source nodg the goal
dimensions: the size of their local search spaces and thiethe search is to find a destination node that minimizes the
informedness of the initial state values. For exploration artgstination objectives, as well as a route that satisfies the route
goal-directed search in unknown terrain, the local search spao@straints and minimize the route objectives. Constraints and
may contain only the current state or all the known (visited)bjectives are defined on node attributes.
parts of the state space. Heuristic information may or mayExamples for destination objectives doeation-basedb-
not be available to estimate the state values for goal-direcfedtives, e.g., finding the node in regidty and sensor-based
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objectives, e.g., finding a node with temperature level below Start (id; Oa, C;, O,) at nodei do

ty. record _source’(i);
Examples for route constraints are constraints to avoid S€NdtfindGd, O4, €y, O,));

obstacles or “risky” areas, e.g., avoid nodes in the light, end

C, ={l <1;}, wherel; is a threshold below which the node ) o )

is considered to be in the dark, or constraints to use only nodeg€ceived (s,findid, Oq, €', O,)) at node: do

with energy level above a certain level, C, = {e > e;}. if no record sendei) existsthen

Route objectives can be used to describe preferences between '€C0rd (sendetf) = s);

alternative paths, e.g., prefer nodes with high remaining energy gnd o i o

levels,0, = {emax—e}. whereemax is the maximum possible if the values o0, at: satisfy stopping criteridhen

energy level. send(sendei(),back¢d, O4, C,., O,));
The requesting node initiates an interest in the form of return;

T(V,E,s,04,C,,0,) and sends it to one of its neighbor en/d , o .

nodes. Intermediate nodes in the network forward the mes- i — 1/ € N; | satisfiedC’, j)};

sage until it reaches a destination. Each node maintains an for al! J & Nz 9'0 )

interest cache, containing one entry for each distinct interest. F(G) = i, ) + h(7);

Each entry has several fields: destination objectives, routing gnd _ .

constraints, routing objectives, time stamp of the last received 7 < @9MiNen:f(j);

matching interest, parent field specifying where the interest h(i) - f(f);_

comes from and requested data rate, a duration field indicating S€nd(, findd, Oa, C;, O,));

the approximate lifetime of the interest, information about its end

neighbor nodes, such as heuristic values estimating the best

cost going through a neighbor node, and others. received (s,back(d, Oq, Cr, Oy)) at nodei do
if source(d) then return; end
B. Heuristic Functions in LRTA* N{ < {j € N; | satisfied(’, j)};

for all j € N/ do

Route discovery is carried out by agent-based search al- . T .
y Y 89 FG) — elig) + h(j):;

gorithms, such as LRTA*. The heuristic function used for d
selecting successor nodesfi§j) = c(i,j) + h(j) where the en . .
heuristic functionh(j) estimates the true cost from nogléo ‘]71(5 ig;?;?IEfo(J)’
a destination node. S .
Let ¢(i,j) represent the total cost of going from node send(sendeif),backgd, O, C:., Or));
to j, which consists of the route objective values of ngde end
and the costs of moving a message to ngdgom nodei ,
Fig. 2. CB-LRTA* — Command start() in the source node starts the search.

and prchssmg the mess?‘ge at “WASSU”“”Q the MESSagecommand send(m) in node: leads to event receivedn) in nodej. Here,
transmission and processing costs are constane., the same the message includes a message identifieas well as the constraints and

for all nodes. we have objectives. Since different messages with unrelated constraints and objectives
' may be passing through, the identifier is used to distingkishtries for these
. . different messages.
c(i,j) = C+ Y waj), 9
0€0,.
wherew; are weights. The initial value ofh(j) is |z; — zq| + |y; — ya| and f(j) =

There are various functions. When the cost of future nodes” + (emax— €;) + 1(j). The successor nodes must satisfy the
cannot be estimated, we skfj) to 0. Alternatively, we can route constraints i, which are not included irf.
use the route objectives i, such as in a weighted sum form

IV. CB-LRTA*
h(j) =Y wiok()) (1)  CB-LRTA* is a variation of LRTA* using the generalized,
0k €04 attribute-based heuristic functions for neighbor evaluation

where o, (j) is the value of an destination objectivg at (Fig. 2). CB-LRTA* uses the route objectives and constraints

node j andwy, is a weight. Examples of objective functiondn node selection and the destination objectives to determine

are |z(j) — p| (the coordinate of the destination is g}, termination. Decisions for forwarding a message are made

and max(z(j) — u,0) + max(l — z(j),0) (the coordinate of locally at each node based on the task specificatian,C,,

the destination is betweehand u). The objectives may be @hdOr. _ _ _

normalized by the attribute domain ranges. Here, we illustrate the behavior of CB-LRTA* using some
As an example, consider the following task: simple examples, assuming the nodes know their locations.

Example 1.04 = {|z—=al, ly—yal}, Cr = {}, Or = {}. CB-
O4 ={lx —z4l,ly —val},Cr = {l <1:},0, = {emax—e}. LRTA* becomes geographic routing and moves to a neighbor
(2) node closest to the destination.



Example 2.0, = {x—xa|, [y—yal}, C = {}, 0, = {emax— N —— @
e}. CB-LRTA* tends to move to a neighbor node closer to the
destination and with higher energy level. Its behavior is similar
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V. EXPERIMENTS a ] .

We call a “message” the data to be sent from source to %. ) D =
destination, with acknowledgment sent back to the source. We =] £ D§G DD l
call a “packet” the exchange between two nodes to forward a F) A ‘
message. We count both the number of packets from source g DD g &
to destination (“forward”) and the total number of packets for a ]
both forwarding and acknowledging a message (“total”). A

The performance measure is the cost incurred until conver- il
gence to the optimal route. All data is averaged over 100 runs EJ :
per experiment, using a packet-level simulator shown in Fig. 3. B D ﬂ ;}
A. Scaling with obstacles G

Fig. 4 shows the scaling of sending messages in a 400 = o | s | o |

node network with increasing number of obstacles. The task is iation (1 f th oo simulati
defined as in Eq. (2) but without the route objectives. Obstaclg%lrihmg;?m end (upper) and animation (lower) of the roLiting simulation
(nodes with high light sensor values) are chosen randomly
such that a path from source to destination exists.

Fig. 4a compares CB-LRTA* with LRTA* on the number
of forward and total packets until convergence to the optima [
path. The number of packets for the first path is shown for Fig. 5 shows the scaling of sending messages in networks
reference. The result shows that back-propagation significarififh increasing size, while holding the ratio of obstacles
improves convergence, whether comparing forward or to@@nstant at 30%. The same task as before is used. Again,
number of packets. The total number of packets of CB-LRTA€B-LRTA* and LRTA* are compared, showing the number
is comparable to the forward number of packets of LRTAf forward and total packets until convergence to the optimal
This makes CB-LRTA* competitive even in a non-distributed?ath, as well as the number of packets for the first path.
context, where LRTA* would restart directly at the source for Again, CB-LRTA* performs significantly better and the
multiple trials, while CB-LRTA* needs to trace the path baclkérge difference between CB-LRTA* and LRTA* is primarily
to the source. The poor performance of LRTA* in Fig. 4a i§ue to additional messages (or retries) needed by LRTA*
due to LRTA* needing many extra messages (up to twice Bgfore search converges.
many) for small improvements before it converges. Finall
we observe at least one phase transition around 40%, fr
where it becomes easier to find the route due to the decreasing distributed network offers the option to release multi-
number of route options. ple messages with short delays instead of waiting for the

Scaling with size

g‘lm Performance with message interleaving
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gmig"; ) ~ constraints and objectives, as well as CB-LRTA*, a constraint-

based, real-time search method that extends LRTA* and con-
verges faster than LRTA*. We have successfully implemented
this method on a real sensor network.

In future work, an extension is to make the routing al-
gorithm time-aware, so that secondary objectives (such as
load-balancing) can be traded off against primary objectives
(such as reaching the destination) when routing messages
with deadlines. Furthermore, other real-time search algorithms,
such as FALCONS, may be extended for routing applications.
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